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ABSTRACT,  

Generative artificial intelligence is rapidly attracting users worldwide and is 

integrated into their everyday lives. While digital technology use has been linked to 

negative mental outcomes, including rumination, the relationship between 

rumination and GenAI use is underexplored, because of its novelty.  

 

A quantitative survey was conducted with 164 participants, assessing GenAI use 

intensity, productive and non-productive patterns of use, rumination, personality 

traits, and demographics, including age, gender, and occupation.  
 

 

This study concludes that rumination is associated with the patterns of GenAI use, 

not its duration. The research contributes to human-AI interaction literature by 

deepening the understanding of GenAI use and the importance of individual 

differences. 
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1. INTRODUCTION 
Artificial intelligence (AI) is a substantial component 

of the Fourth Industrial Revolution, influencing how people live, 

work, communicate, and think (Feuerriegel et al., 2023; 

Hildebrand, 2019; Loerakker et al., 2024; Ross & Maynard, 

2021). It brings significant changes into the world (Agbaji et al., 

2023). 

Generative artificial intelligence (GenAI) tools are 

rapidly attracting users worldwide, as shown by ChatGPT 

gaining 1 million users in the first 5 days (Buchholz, 2023). The 

McKinsey survey conducted in 2024 with 1363 participants 

reported that respondents used GenAI tools regularly. 13% used 

them for work, 16% outside of work, and 26% used them for 

both, showing an increase in adoption from a survey conducted 

1 year earlier (Singla et al., 2024).  

Generative artificial intelligence (GenAI) refers to 

machine learning solutions that can produce seemingly novel and 

meaningful content based on training data and user input (Cress 

& Kimmerle, 2023; Sætra, 2023). GenAI’s output is highly 

dependent on these input prompts (Cress & Kimmerle, 2023; 

Federiakin et al., 2024). To achieve the optimal result, users need 

to apply various cognitive skills and abilities, for example, 

problem-solving (Federiakin et al., 2024; Lazovsky et al., 2024).  

Notably, these skills are not only important in using 

GenAI tools but also can be affected by it both positively through 

active engagement (Zhou et al., 2024) and negatively through 

overreliance (Gerlich, 2025). While active engagement with 

GenAI might foster cognitive capabilities (Moongela et al., 

2024), overreliance raises concerns about cognitive off-loading 

and reduced critical thinking, both associated with more intense 

GenAI use (Gerlich, 2025). 

More intense use of digital technology and digital 

addiction are commonly observed among people with ruminative 

tendencies (Gao & Du, 2025; Hu et al., 2023). Rumination 

hinders attention, concentration, motivation, and the 

aforementioned problem-solving while introducing negatively 

biased thinking (Loerakker et al., 2024; Nolen-Hoeksema et al., 

2008). Recent work also draws attention to the risks of various 

technologies triggering rumination (Loerakker et al., 2024).  

While the definition of rumination varies, in literature 

it is commonly characterized by self-focused, negative, 

repetitive, passive, and often uncontrollable thinking patterns, 

where one is “stuck” in focusing on negative feelings, concerns, 

or experiences and their meaning or consequences without 

changing the situation (Eikey et al., 2021; Nolen-Hoeksema et 

al., 2008; Russell, 2021; Watkins, 2008). It is not only a trait 

someone might have but also a state one might be in, which can 

change over time or in different contexts (Eikey et al., 2021). It 

is common among individuals with and without clinical disorders 

(Joubert et al., 2022). Recent survey-based research shows the 

prevalence of rumination in the general public. It shows that in 

the sample of 106 community and 101 undergraduate student 

participants, 38.4% of respondents reported ruminating and/or 

worrying daily, and 26% reported doing it more than half of the 

days a week (Joubert et al., 2022). Rumination is not only 

common (Ciarocco et al., 2010), but it is also extensively 

documented as being associated with anxiety disorders and major 

depressive disorder (Ehring, 2021).  

It is worth noting that a recent randomized controlled 

trial study done by researchers at Dartmouth College showed that 

by using GenAI tool “Therabot”, participants experienced a 

notable reduction in symptoms of major depressive disorder, 

generalized anxiety disorder and symptoms of those, who have 

high risk for developing feeding and eating disorders (Heinz et 

al., 2025). The exploration of GenAI tools in mental health has 

been increasing to potentially help areas with health professional 

shortages. Globally the mental health burden has increased 

quicker than the growth of mental health professionals (L. Wang 

et al., 2025; Tal et al., 2023). 

 Overall, GenAI brings accessible utility for both 

cognitive task off-loading (Gerlich, 2025) and emotional support 

(Chan, 2025; Y. Wang et al., 2025). However, it is essential to 

acknowledge its shortcomings and risks, especially considering 

the cognitively or psychologically vulnerable population. 

1.1 Problem Statement and Research Gap 
The current literature recognises that AI can bring new 

opportunities and improvements, as well as harm (Chan, 2025; 

Chandra et al., 2024; Du, 2025; M. Huang et al., 2024; Tal et al., 

2023). While individuals can turn to it for emotional support 

(Chan, 2025; Y. Wang et al., 2025), its impact on user’s 

psychological well-being is becoming an increasing concern 

(OpenAI & MIT Media Lab, 2025). In order to understand such 

different claims, contextual research on interactions between 

users and genAI tools are needed (Hipgrave et al., 2025). 

 Furtherly, existing research has established links 

between use of technology and various negative mental health 

outcomes (Shannon et al., 2022), including rumination (Gao & 

Du, 2025; Hu et al., 2023; Loerakker et al., 2024).  

However, genAI is a novel technology that exhibits 

unique capabilities, such as generating human-like conversations 

(Cress & Kimmerle, 2023), creating content (Feuerriegel et al., 

2023) and simulating social support (Chan, 2025; OpenAI & 

MIT Media Lab, 2025). Thus, the research on older digital tools 

cannot be simply transferred to this relationship, and require 

further investigation. 

Lastly, the current research on mental health and genAI 

has been largely focused on the use of genAI tools for emotional 

support. However research on how individuals use these tools 

ordinarily is needed (De Freitas & Cohen, 2024).  

1.2 Research Objective and question 
The aim of this study is to investigate whether and to 

what extent the intensity and purpose of GenAI use are associated 

with different degrees of rumination. Subsequently, two research 

questions are established: 

RQ1 Is the GenAI use intensity associated with the level of 

rumination? 

RQ2 Do GenAI usage patterns moderate the relationship 

between GenAI use intensity and rumination levels? 

2. LITERATURE REVIEW 

2.1 Rumination 

2.1.1 Dimensions of Rumination 
Research suggests that there are two main components 

of rumination: brooding and reflection. Brooding is the passive 

comparison of one’s current state against unachieved standards 

or goals (Treynor, 2003). With questions like “Why do I always 

react this way?” or “What am I doing to deserve this?” (Treynor, 

2003), it reflects getting stuck in negative thought without 

moving forward (Heissel et al., 2023). 

 Reflection or Reflective Pondering involves 

attempting to understand the reason for one's feelings or situation 

within the context of responding to a negative mood (Treynor et 

al., 2003). It may involve analyzing events or writing down 

thoughts to analyze (Watkins, 2008). Brooding is maladaptive, 

whereas reflection may be adaptive (Walbridge, 2021), however 



it can still be associated with negative outcomes (Miranda & 

Nolen-Hoeksema, 2007).  

2.1.2 Initiators and Triggers 
Understanding the factors that trigger rumination 

establishes a basis to hypothesize how GenAI use might interact 

with this process. The following triggers are found: experience 

of stress and goal discrepancies (Michl et al., 2013; Watkins & 

Roberts, 2020), one’s personality traits (Abdollahi, 2019; Slavish 

et al., 2017), automatic response (Ehring, 2021; Watkins, 2008; 

Watkins & Roberts, 2020), cognitive factors (Watkins & 

Roberts, 2020), biological predispositions and environmental 

factors (Kim et al., 2017). 

 The experience of stress might increase engagement in 

rumination, especially in case of uncontrollable and chronic 

stressors (Michl et al., 2013). Moreover, the link between stress 

and rumination is bidirectional, where stress triggers rumination, 

which in turn might prolong the stress response and increase 

reactivity to another upsetting event (Ruscio et al., 2015). 

 Goal discrepancies refer to a gap between one’s 

desired and current state. Rumination might occur, when the 

discrepancy cannot be easily resolved (Michl et al., 2013), 

aligning with Goal Progress Theory, where rumination is viewed 

as thinking about unattained goals (Smith & Alloy, 2008). 

 Furtherly, rumination is linked to some personality 

traits such as perfectionism (Abdollahi, 2019) and neuroticism 

(Slavish et al., 2017). While neuroticism refers to a general 

“tendency to perceive one’s environment as threatening and 

difficult to manage” (Slavish et al., 2017), perfectionism, when 

individuals strive for an excessively high standard and evaluate 

themselves critically (Hewitt & Flett, 2002), amplifies the 

perceived discrepancy from their goal. It results in negative 

thoughts and lower self-confidence that also correlates with 

ruminations (Abdollahi, 2019). 

One might dwell on problems consciously, however if 

done often, it might turn into a mental habit (Watkins & Roberts, 

2020) where rumination might be triggered without an 

individual’s intent to do so (Ehring, 2021; Watkins 2008).   

 Furthermore, rumination is triggered by cognitive 

factors and metacognitive beliefs, such as negative information-

processing bias, believed usefulness of rumination and its 

uncontrollability (Watkins & Roberts, 2020).  

 Finally, biological predispositions and environmental 

factors also increase vulnerability to developing ruminative 

tendencies (Kim et al., 2017). 

2.2 The Use of Generative AI 
 By learning from a large amount of data, GenAI can 

create various types of seemingly new content, including text, 

images and videos, sound, speech, music and code based on the 

user's input. This variety, ease of use and accessibility has 

increased GenAI’s level of maturity, making it useful for many 

(Feuerriegel et al., 2023; Sætra, 2023). 

2.2.1 Generative AI use for Productive Tasks 
Productive tasks are characterised as output-oriented 

(Autor, 2013), desirably effective and efficient (De Been et al., 

2016), usually within work or academic contexts. In these 

interactions, GenAI provides the advantages of productivity 

through automation and augmentation. Users can delegate tasks 

to be fully done by GenAI, or they can collaborate with it to 

enhance their own capabilities (M. Huang et al., 2024). 

Within productive use, Anthropic (2025), developer of 

Claude, identified different interaction patterns among students 

such as Direct Problem Solving (seeking specific answers) and 

Direct Output Creation (requesting finished content), as well as 

more interactive modes like Collaborative Problem Solving and 

Collaborative Output Creation where users engage in discussion 

with AI.  

GenAI use is being actively used by people across 

various occupations, including computer and mathematical, arts 

and media, education and library, office and administrative, 

business and financial, life, physical and social sciences (Handa 

et al., 2025). 

2.2.2 Generative AI use for Non-Productive Tasks 
Beyond task execution and productivity, GenAI tools 

can also be used for non-productive purposes. It may include 

entertainment, such as generating creative stories, poems, or 

images for personal enjoyment. Users may interact with the tool 

out of curiosity, exploring its capabilities, using it for casual 

learning without a specific goal.  In other cases, users may 

interact with it to pass the time. 

 Additionally, conversational AI (CAI) like chatbots 

are used for social simulation and virtual companionship, 

offering interaction and feeling of connection (Morales-García et 

al., 2024; Skjuve et al., 2024). Some individuals turn to AI for 

emotional exploration, venting feelings, or seeking basic 

emotional support, leveraging the perceived non-judgmental 

space (Chan, 2025; Y. Wang et al., 2025). 

2.3 Generative AI use and Mental Health 
The relationship between GenAI use and mental health 

can be both positive and negative (Chandra et al., 2024). 

 On one hand, GenAI tools are explored as accessible 

means for mental health support, offering psychoeducation, 

companionship, or even simple therapeutic techniques. Their 

24/7 availability and perceived anonymity may reduce barriers to 

seeking help (Khawaja & Bélisle-Pipon, 2023). 

 On the other hand, concerns exist regarding negative 

consequences that the use of GenAI may cause. Over reliance on 

GenAI could lead to dependency or addiction-like behaviours 

(Du, 2025). Interaction with AI might trigger or exacerbate 

anxiety, including “AI Anxiety” that is related to fear of job 

displacement or loss of control (Frenkenberg & Hochman, 2025; 

Pinto et al., 2023). Excessive cognitive offloading onto AI might 

diminish critical thinking skills (Lee et al., 2025). Furthermore, 

exposure to biased, inaccurate, or harmful AI-generated content 

could cause emotional distress (X. Huang et al., 2025). 

 The impact likely depends on characteristics of 

individual users and the nature of their interactions with the 

technology (S. Huang et al., 2024). 

2.4 Conceptual Framework and Hypotheses 

2.4.1 Conceptual Framework 
The key variables, relationships and established 

hypotheses are shown in the framework below. 

Figure 1. Conceptual Framework 



2.4.2 Hypothesis 1: Degree of rumination is 

associated with GenAI usage duration. 
Frequent and prolonged engagement with GenAI and 

other technology might lead to various rumination processes. 

Such engagement could disrupt real-world activities, social 

connections, or sleep patterns, all of which are known to 

contribute to stress and rumination (Kaewpradit et al., 2025). It 

also might lead to heightened cognitive load, potentially 

impairing the ability to manage intrusive thoughts (Singh et al., 

2025). Potentially heightened AI anxiety, (Frenkenberg & 

Hochman, 2025), might worsen the rumination symptoms. 

Overall, research links excessive digital technology use to poorer 

mental health outcomes (Gu et al., 2022), as well as shows that 

mental health problems can predict technology dependence (S. 

Huang et al., 2024).  

However, GenAI tools are used for mental health 

support, thus the level of rumination could be lowered. Besides, 

actively collaborating with GenAI instead of passively dwelling 

on problems, might help with processing obsessive thoughts. 

 Ruminators’ persistent and unsuccessful search for 

answers might increase the use of GenAI for exploring different 

scenarios, possibly reinforcing the ruminative cycles (Zhang et 

al., 2025). Additionally, rumination might lead to increased 

GenAI usage by engaging in distractions and escapism. The 

difficulty to maintain attention from negative thoughts might 

extend to the difficulty to shift focus from GenAI, especially if 

the content engages in ruminative themes. 

2.4.3 Hypothesis 2: The association between 

rumination and intensity of GenAI use depends on 

the usage patterns. 
Rumination lowers self-efficacy of an individual 

(Gilliam, 2006), causing self-doubt. However, some rumination 

patterns are caused by perfectionism. Such a situation might 

increase reliance on GenAI for productive tasks to seek 

reassurance and check work meticulously to meet a higher 

standard. Besides, rumination undermines one’s problem-

solving capabilities, possibly prolonging the duration of use of 

this technology. The seemingly effortless way of how GenAI 

executes commands might lower one’s confidence further, 

causing higher rumination levels through negative comparison 

and thoughts like “Why can’t I handle things better?” (Treynor, 

2003). 

 However, using GenAI for productive tasks also might 

have an opportunity to decrease the rumination by decreasing 

distress, since the tool allows for clear and structured task 

planning and execution that might be difficult for someone with 

repetitive thought patterns. 

People who ruminate might also use AI as a form of a 

temporary distraction or escapism from distressing thoughts that 

they are brooding about (S. Huang et al., 2024). Distractions 

might help to decrease ruminative symptoms. The reflection side 

of rumination might also motivate individuals to use GenAI to 

analyze a situation or themselves in a structured way.  

Given the co-occurrence of rumination with social 

difficulties or loneliness, some individuals might use AI for 

social simulation or practicing social skills (Sullivan et al., 2023). 

The perceived non-judgmental nature of the tools might motivate 

individuals to do so more.  

Finally, there might be a link where intensive use of 

GenAI for non-productive tasks could increase rumination. It 

could be connected to difficulty disengaging from thoughts and 

the constant availability of technology to pass time. 

Nonetheless, as discussed previously, actively 

engaging with GenAI for emotional support could also improve 

one’s mental health, including rumination. 

3. METHOD 

3.1 Participants 
For this study, participants were approached through 

convenience and volunteer sampling with snowballing effect 

(Hossan et al., 2023). The data collection started on the 6th of 

June 2025, and it was downloaded on 14th of June 2025.  

Because of the time constraints, large number of participants 

were recruited by sharing the survey link personally and asking 

them to forward it further. It was explicitly said that their 

responses will not be checked separately or right after 

completion, to ensure anonymity. 

Important to note, the survey was conducted for a 

larger research project “GenAI and Mental Health”, which 

included 3 bachelor theses, where the exclusion criteria included 

age under 18, non-familiarity with GenAI tools, lack of English 

or Dutch proficiency, having a mental health condition that could 

affect or be affected by participation, participation with someone 

and refusal to consent. By checking “I consent” box, participants 

marked that they consent and pass the inclusion criteria.  

For this paper, participants were also filtered for their 

occupation and grouped in students, employed and employed 

students. Data entries, where demographic variables had fewer 

than 5 responses (e.g., “third gender / non-binary”, “Prefer not to 

say” (gender) and “Age 60+)”, were removed to improve 

statistical reliability and reduce the possibility of the respondent 

identification. This data collection resulted in an initial pool of 

264 participants and a final sample of 164, as seen in Figure 1. 

All responses collected were answered in the English language. 

 

Figure 1. Visualization of the data collection procedure. 

Among these participants, the majority were 18-24 

years old (56.7%), genders female (53%) and male (47%) being 

roughly similar. The largest occupation group included students 

(52.4%), followed by employed (34.1%) and employed students 

(13.4%). The details are provided in Table 1. 

Although the employed student subsample is small, it 

was included, since using GenAI for education or work might 

influence the usage intensity of each other. The findings are 

interpreted cautiously as exploratory. 

Table 1. Descriptive Statistics (percentages rounded to one 

decimal). 

 



 To determine the minimum required sample size, a 

Power analysis was conducted using G*Power, with a medium 

effect size, an alpha of 0.05 and a power of 0.95. The analysis 

indicated that a sample of 146 would be sufficient, confirming 

the adequacy of the final sample size of 164. The sample was 

calculated for the whole “GenAI and Mental Health” project, 

thus the analysis included more predictors than used in this paper. 

 This study received approval from the Behavioral, 

Management and Social Sciences Ethics committee (approval 

number 251465). 

3.2 Procedure 
For this study, a quantitative structured online survey 

was created and hosted on Qualtrics, accessible through a web 

link or QR code. It was distributed through personal networks 

and social media platforms: WhatsApp, Instagram and LinkedIn. 

Since the survey was a joint data collection method, it 

included more instruments than measured in this research. The 

data was gathered and analyzed by 3 students, where each had 

their own research project. Besides the relationships mentioned 

in the research questions of this paper, relationships of GenAI 

usage and loneliness or social isolation for immobile individuals 

and international students were investigated through this survey. 

The survey began with an introduction, including short 

purpose of research, approximate duration, assurance of 

confidentiality, rights to withdraw at any time, and contact 

information of students conducting the research. Further, 

participants were asked some demographic questions, followed 

by a series of questionnaires to assess their personality traits, 

duration of GenAI use, GenAI literacy and GenAI use for 

different purposes. The last questionnaires were presented to 

participants in a random order to avoid systematic attrition of one 

questionnaire due to its fixed position at the end. They measured 

rumination, loneliness, isolation and GenAI dependency.  

3.3 Materials 

3.3.1 Short version of Ruminative Response Scale 
Formed by Treynor et al. (2003), the short form of the 

Ruminative Response Scale (RRS-short or RRS-10) consists of 

10 items selected from the original 22-item RRS developed by 

Nolen-Hoeksema & Morrow (1991). It measures ruminative 

tendencies by assessing two key components: brooding (5 items) 

and reflection (5 items) with response options rated on a 4-point 

Likert scale ranging from 1 (“almost never”) to 4 (“almost 

always”).  

While it is a shortened version of RRS, recent studies 

considered it satisfactory, while increasing the convenience for 

participants (Erdur-Baker & Bugay, 2010; Sütterlin et al., 2012). 

3.3.2 Ten-Item Personality Inventory 
Gosling et al. (2003) developed Ten-Item Personality 

Inventory (TIPI) as a concise instrument to measure the 

dimensions of Big Five personality traits. It consists of 10 items 

(2 items per personality trait) with the response options measured 

on a 7-point Likert-type scale, ranging from 1 (“Disagree 

strongly”) to 7 (“Agree strongly”).  

Even though TIPI has been criticized for its briefness, 

it is commonly used when personality is not the primary interest 

of the study and short measures are needed for practical reasons 

(Harms, 2017). 

3.3.3 GenAI Literacy Scale 
Formed by Gokcearslan et al. (2024), GenAI Literacy 

scale consists of 10 items, each scored on a 5-point Likert scale 

ranging from 1 (“strongly disagree” to “strongly agree”). The 

GenAI Literacy is measured with a total score, however 4 

subscales are present: awareness, usage, evaluation and ethics. 

3.3.4 GenAI Usage Duration 
Recent research conducted by OpenAI and MIT Media 

Lab (2025) has shown that duration is a strong metric for 

measuring GenAI usage intensity, especially when examining its 

relationship with affective engagement and well-being.  

For this paper, GenAI usage duration is measured in 

ordinal values “less than an hour”, “1-3 hours per week”, “4-7 

hours per week”, “8-15 hours per week”, “More than 15 hours 

per week”. The time window of a week was established to 

capture typical usage patterns, including both weekday and 

weekend behaviour. 

3.3.5 GenAI Usage Patterns 
The GenAI usage patterns are measured in 2 

categories, describing productive and non-productive use. 

Productive use items capture task-oriented technology 

uses, aligning with the utility value dimension of the 

Questionnaire of Artificial Intelligence Motives (Yurt & Kasarci, 

2024) and principles of utilitarian information systems (Balytska 

et al., 2024). Productive use was assessed with items “I use 

GenAI for educational support” and “I use GenAI for work”. 

Additionally, the GenAI productive use score for 

“employed student” was calculated by averaging their GenAI use 

for academic and work purposes. 

 Non-productive use cases are assessed with items “I 

use AI tools for emotional support” and “I use AI tools to 

casually converse or pass time”. These questions are informed by 

Uses and Gratifications Theory, which suggests that media and 

technology use is driven by fulfilment of psychological needs 

such as entertainment, emotional relief, or social interaction 

(Ruggiero, 2000). Concepts from hedonic information systems, 

which focus on pleasure, entertainment and intrinsically 

motivated interactions were consulted (Ariff et al., 2014). 

 GenAI usage patterns are investigated by creating 

different combinations of productive and non-productive use 

cases. 

3.3.6 Control Variables 
Due to their potential effect on the relationship 

between key variables, control variables like age (Sütterlin et al., 

2012; “Three Models of Technology Adoption: A Literature 

Review in Brief,” 2020), gender (Johnson & Whisman, 2013; 

Mazman et al., 2011; Stöhr et al., 2024), occupation, personality 

traits (Castillo-Gualda & Ramos-Cejudo, 2025; Sri et al., 2024; 

Zhong et al., 2024) and GenAI literacy were chosen. 

3.4 Data Analysis 

3.4.1 Data Preparation 
Data cleaning, scoring of scales and data analysis are 

executed on RStudio, using R version 4.5.0.  

After loading the dataset into RStudio application, data 

was cleaned and scores were computed for Ruminative 

Responses Scale – Short Form, Ten-Item Personality Inventory 

and GenAI Literacy scale.  

3.4.2 Preliminary Statistical Analysis 
The descriptive statistics of numeric and ordered 

ordinal variables were calculated separately. GenAI use and age 

are ordered ordinal variables with unequal intervals, thus they are 

not converted into numeric. 

Later, correlation between all variables (except 

categorical like gender and occupation) was assessed. Variables 

were grouped by type and a nested loop ran all variable 



correlation combinations. Numeric pairs were checked with 

“Pearson” correlation, numeric-ordinal pairs with polyserial() 

method and ordinal-ordinal pairs with polychor() method. 

Results were rounded to 3 decimals and combined into matrix. 

3.4.3 GenAI Use and Rumination 
To address RQ1, a multiple linear regression analysis 

using lm() function in R was conducted. The dependent variable 

was Rumination and predictors included demographics (age, 

gender and occupation), personality traits, GenAI literacy and 

GenAI use.  

3.4.4 Moderation Analysis 
To address RQ2, multiple linear regression models 

using lm() method were created for several combinations of 

GenAI Use patterns: AI Productive Use only, AI Non-Productive 

Uses Only, Combinations of AI uses.  

3.4.4.1 Exploratory Analysis 
While not directly aligned with the predefined research 

questions, additional regressions using lm() method in R were 

run to better understand the contributions of GenAI use patterns 

to rumination. Also, the effect of GenAI Literacy subscales was 

investigated by applying it to Rumination subscales. 

4. RESULTS 

4.1 Descriptive Statistics 
In this section, variable values are reported with the 

total score of their measurement scales. The operationalization of 

the variables is discussed in Appendix A. 

Table 3. Descriptive statistics for numeric variables. 

 

In Table 3., the total rumination score is approx. 21.15, 

suggesting moderate overall rumination, where brooding and 

reflection subscales are rather balanced. Most personality traits 

cluster around 4 and 5, suggesting average tendencies. 

On GenAI literacy scale, respondents scored 

moderately high (mean ≈ 3.64) and consistent across participants 

(SD ≈ 0.55). Participants feel confident using AI tools (GenAI 

Literacy Usage ≈ 3.98), however we observe some slight lack of 

ethical considerations (GenAI Literacy Ethics mean ≈ 3.29).  

By observing using AI for productive tasks like 

education or work support, AI Academic Use is the most 

common (mean ≈ 4.009).  

Most participants do not use AI for emotional support 

(mean ≈ 2) or to casually pass time (mean = 1.75).  

Table 4. Descriptive statistics for the ordinal variable – 

GenAI Use Duration. 

 

Most participants (36%) use GenAI tools from 1 to 3 

hours per week and only 4.9% use them heavily, more than 15 

hours per week. 

4.2 Correlation 
A correlation analysis between all variables (except 

categorical variables occupation and gender) was conducted and 

can be observed in Appendix B). High correlation between scales 

and their subscales are there as expected, not relevant. 

AI Casual Use and AI Emotional Use moderately 

correlated (r ≈ 0.67), suggesting that individuals who use AI for 

emotional support, also tend to use it to casually pass time. This 

correlation is considered in interpretation. 

Notably, higher rumination was weakly correlated 

with lower emotional stability (r ≈ -0.43) and conscientiousness 

(r ≈ -0.28). Also, higher rumination showed weak correlation 

with higher AI use for emotional support (r ≈ 0.35) and AI use to 

casually pass time use (r ≈ 0.33). From these, Rumination’s 

subscale Reflection showed stronger correlation with AI use for 

emotional support (r ≈ 0.42) than brooding (r ≈ 0.19), likely 

connected to the self-analyzing nature of reflection (Loerakker et 

al., 2024; Watkins, 2008). 

The correlation between GenAI use had weak negative 

relationships with all the GenAI use cases observed (academic, 

work, casual and emotional). 

GenAI literacy showed little to no relation with GenAI 

Use (r ≈ - 0.1), suggesting that respondents did not feel more 

confident in using GenAI tools, when using them for longer 

durations of time. They might have felt slightly less confident. 

Notably, age showed a negative weak correlation with 

GenAI literacy (r ≈ -0.27) and a negative weak correlation with 

the subscale “Usage” specifically (r ≈ -0.35), suggesting that the 

younger population scored higher on GenAI literacy and self-

perceived competence in practical application of GenAI tools. 

Age has a moderate negative correlation with AI use for 

academic support (r ≈ -0.47), which is expected, since students 

are usually within the younger subsample. 

4.3 GenAI Use and Rumination 
To answer the first research question, a multiple linear 

regression was executed. The statistics of the model (See 

Appendix C, Table 6.) show that the model explains 

approximately 22.3% of the variance in rumination scores after 

adjusting for the number of predictors. With F(17, 146) 3.75, p < 

.001, the model proves to be statistically significant. 

The results of multiple linear regression (see Appendix 

C, Table 7.) did not indicate a relationship between GenAI Use 

duration and rumination, when controlling for age, gender, 

occupation, personality traits and GenAI literacy. Similarly, 

these control variables did not show any significant association. 

However, emotional stability (β ≈ -1.3, p < 0.001) and 

extraversion (β ≈ -0.92, p < 0.05) were significant negative 

predictors of rumination. 



4.4 GenAI Usage Patterns moderating 

GenAI Usage Duration and Rumination 
In this section, various GenAI Use patterns were 

investigated by combining GenAI Use cases differently. 

Although the variables were changed, the variance models 

explained were roughly similar, when at least 2 use cases are 

added, as can be seen in Table 8. 

Table 8. Statistics of Moderation Models 

 

4.4.1 AI Productive Use as Moderator 
To investigate the interaction between GenAI Use 

weekly duration and AI Productive Use, multiple linear 

regression was run, and the results can be seen in Appendix D. 

AI Productive Use did not have a significant main or interaction 

effect (p > 0.05). 

Extraversion (β ≈ -0.94, p < 0.05), Conscientiousness 

(β ≈ -0.8388, p < 0.05) and Emotional Stability (β ≈ -1.31, p < 

0.001) are again significant predictors of Rumination. 

4.4.2 AI Non-Productive Use as Moderator 
As seen in Table 10, when investigating the Non-Productive 

Use pattern, excluding AI Productive Use, AI Emotional Use was 

a significant predictor of Rumination (β ≈ 2.05, p < 0.05), as well 

as it showed a significant interaction for individuals using GenAI 

4-7 hours per week (β ≈ -2.41, p < 0.05).  

While AI Casual Use was not significant on its own, a 

significant interaction was found for AI Casual Use among 

individuals using GenAI 4-7 hours per week (β ≈ 2.97, p < 0.05). 

Extraversion (β ≈ -0.8, p < 0.05), Emotional Stability (β ≈ -

1.54, p < 0.001) were strong predictors of Rumination. 

Table 10. Moderation Model: GenAI Use × Non-Productive 

Use on Rumination. 

 

4.4.3 Mix of Productive and Non-Productive Uses 

as Moderators 
As seen in Table 11., when investigating the Use 

Pattern of all use cases (AI Productive Use, AI Casual Use and 

AI Emotional Use), AI Emotional Use was significant as a main 

effect predictor (β ≈ 1.86, p < 0.05) and interaction term with 

GenAI Use 4-7 hours weekly (β ≈ 2.7, p < 0.05). 

Personality traits like Extraversion (β ≈ -0.84, p < 0.05) 

and Emotional Stability (β ≈ -1.55, p < 0.001) continue to be 

strong negative predictors of rumination. 

Table 11. Moderation Model: GenAI Use × AI all 

use cases on Rumination. 

  

4.4.3.1 Combinations of AI Productive Use and 

Non-Productive Use cases separately 
Multilinear regression with interaction terms AI Productive 

Use and AI Emotional Use, did not show any significant 

interactions, as is summarized in Appendix E. Notably, AI 

Emotional Use (β ≈ 1.93, p < 0.001), Extraversion (β ≈ -0.81, p 

< 0.05) and Emotional Stability (β ≈ -1.48, p < 0.001) were 

significant predictors of Rumination. 

As demonstrated in Table 13, we also investigated 

interactions of GenAI weekly use and AI Productive Use, and AI 

Casual Use. AI Productive Use was not significant, however AI 

Casual Use was significant as a main effect (β ≈ 1.8, p < 0.05) 

and as an interaction GenAI Use More than 15 hours per week (β 

≈ 5.27, p < 0.05). 

Extraversion (β ≈ -0.8, p < 0.05) and Emotional Stability (β 

≈ -1.55, p < 0.001) are strong negative predictors. 

 

 

 

 

 

 

 



Table 13. Moderation Model: GenAI Use × AI Productive 

Use, GenAI Use × AI Casual Use. 

 

4.5 Exploratory Analysis 

4.5.1 GenAI Use Patterns and Rumination 
The multiple regression model investigating the 

association between GenAI use patterns and Rumination 

explains approximately 34%, when accounted for control 

variables. The GenAI Use patterns included all use cases, 

including AI Productive, Casual Use and Emotional Use. The 

model is statistically significant with F(16, 147) = 6.31, p < .001, 

with a total sample size of 164, for model statistic see Appendix 

F, Table 14. 

In Appendix F, Table 15, we see that AI Casual Use 

was a significant predictor of rumination (β ≈ 1.5, p < 0.05), 

suggesting that higher casual use of AI is associated with higher 

rumination. Personality traits like extraversion and emotional 

stability were negatively associated with rumination. Also, 

employed individuals were associated with lower rumination (β 

≈ -2.83, p < 0.05) compared to students, scoring almost 2 points 

lower on rumination score. 

4.5.2 GenAI Use, Use Patterns and Rumination 
When Rumination is predicted using both GenAI Use, 

GenAI Use patterns, and a set of control variables, the model 

explains approximately 35%, when adjusted for the number of 

predictors (See Appendix G, Table 16). It shows a very small 

increase from the previous regressions that included the AI use 

patterns only. The model is statistically significant with F(16, 

147) = 6.31, p < .001. 

 Similarly to the previous model investigating the 

relationship between GenAI Use Patterns and Rumination, 

scoring higher on Extraversion (β ≈ -0.9, p < 0.05) and Emotional 

stability (β ≈ -1.4, p < 0.001), and being in the “Employed” group 

(β ≈ -3, p < 0.05), were associated with lower rumination.  

 Even though GenAI Use categories are not statistically 

significant, including this variable in the model allows to reveal 

the contribution of AI Emotional Use (β ≈ 0.99, p < 0.05), which 

was not apparent previously due to their shared variance.   

 Both non-productive uses AI Emotional Use (β ≈ 0.99, 

p < 0.05) and AI Casual Use (β ≈ -1.49, p < 0.05) are positively 

related to Rumination. 

4.5.3 The Importance of GenAI Literacy, Non-

Productive use and Reflection 
In this result section, the importance of GenAI Literacy 

is investigated. GenAI Literacy’s subscale “Evaluation” was a 

significant predictor for Rumination’s subscale “Reflection”.  

When assessing how non-productive use patterns 

predict reflection, GenAI Literacy’s subscale Evaluation was a 

significant positive predictor of Reflection (see Appendix H).  

5. DISCUSSION 

5.1 Summary and Interpretation of Results 
Several models were run to investigate the hypotheses, 

as well as explore different relationships between variables, in 

order to gain deeper understanding of how GenAI use associates 

with Rumination and its dimensions. 

5.1.1 Hypothesis 1 
The initial hypothesis (H1) proposed that different 

levels of GenAI Use intensity (measured by duration of use) are 

associated with different rumination levels. However, after 

analyzing data, we found that there is no significant relationship 

between GenAI use and rumination, when controlling for control 

variables. It also might be that the time-based measure is not 

sufficiently a standalone predictor of rumination, and it could be 

beneficial for other variables to be considered. 

5.1.2 Hypothesis 2 
Hypothesis 2 (H2) proposed that the relationship between 

GenAI usage and rumination is moderated by the way the GenAI 

tool is used. We partially accept this hypothesis. 

5.1.2.1 GenAI for Productive Use patterns as 

Predictor of Rumination 
Using GenAI for productive use (academic, work or both) 

alone or together with other use cases, was not a significant 

predictor of rumination, when observed in interaction with 

GenAI Use. Productive tasks are output-oriented (Autor, 2013), 

focused on external output rather than on the internal state. It 

might be the reason why AI productive use has no association 

with rumination. Also, it is not clear if GenAI use is associated 

with lower self-efficacy like rumination (Gilliam, 2006), since 

the survey questions were built with the utility value of 

technology in mind rather than how it makes one feel. 

5.1.2.2 GenAI for Non-Productive Use patterns as 

Predictor of Rumination 
When GenAI tools are used for Non-Productive Use 

purposes (see Table 10), AI use for emotional support shows to 

be a significant positive predictor of rumination (β ≈ 2.05, p < 

0.05). It aligns with current literature, where rumination is linked 

to more intense technology usage (Gao & Du, 2025; Hu et al., 

2023). Additionally, rumination can co-occur with loneliness 

(Sullivan et al., 2023), thus higher usage of GenAI for emotional 

support might suggest usage of GenAI for social simulation or 

companionship (Morales-Garcia et al., 2024; Skjuve et al., 2024).  

 Nevertheless, there is a seemingly contradicting finding. 

Individuals using GenAI for 4-7 hours per week, when 

interacting with GenAI use for emotional support were 

associated with significantly lower rumination (β ≈ -2.41, p < 

0.05). The window between 4 to 7 hours might be the optimal 

intensity of GenAI use, where one might benefit from the 

accessible support for mental health (Khawaja & Bélisle-Pipon, 

2023), while not overly relying or depending on it.  

Notably, in the same model, while 4-7 hours of weekly 

GenAI use, in interaction with using GenAI for emotional 

support, was linked to lower rumination, the same duration, when 



interacting with causal GenAI use, showed a positive association 

with rumination (β ≈ 2.97, p < 0.05). It suggests that the purpose 

of use is important even when the duration of interaction is 

moderate.  

5.1.2.3 Productive and Non-Productive Use 

patterns as predictors of Rumination 
In Moderation Model, investigating interactions 

between GenAI Use and all AI use patterns (see Table 11), we 

see that the Productive Use is not significant to predicting 

Rumination. However, including it in the model removed an 

interaction of using GenAI for 4 to 7 hours per week and AI 

Emotional Use (β ≈ 2.97, p < 0.05) that was significant in the 

model of using GenAI for non-productive use only (Table 10).  

It is plausible that individuals who engage in moderate 

use of GenAI for emotional support, also use it for productive 

purposes. The “AI Productive Use” might be capturing some 

variance of the active engagement that was previously attribute 

to the moderate emotional use interaction exclusively. The 

positive cognitive effects of using GenAI (Moongela et al., 2024; 

Zhou et al., 2024) might be apparent across productive and 

adaptive moderate emotional uses of AI. The underlying 

cognitive benefits of active engagement with GenAI might be 

share across both categories. 

5.1.3 Personality Traits, Occupation and 

Rumination 
Personality traits like Emotional Stability and 

Extraversion consistently showed to be strong negative 

predictors of rumination. It supports the current literature, stating 

that individuals higher in Emotional Stability (often referred to 

as the opposite of neuroticism) and Extraversion tend to 

experience lower levels of rumination (Slavish et al. 2017; 

Castillo-Gualda & Ramos-Cejudo, 2025).  

Additionally, in the exploratory multiple linear 

regression for GenAI Use Patterns and Rumination (see Table 

15. In Appendix F) it showed that being in the “employed” group 

was associated with lower rumination (β ≈ -2.83, p < 0.05). The 

difference in rumination levels was even lower, when accounting 

for GenAI Use duration (β ≈ -3.01, p < 0.05), as seen in Appendix 

G, Table 17. It might suggest that being in a more structured 

environment and facing different types of stressors might 

influence the rumination levels.  

5.1.4 Importance of GenAI Literacy and Reflection 
GenAI Literacy scale was not a significant predictor of 

Rumination. For exploratory purposes, we investigated the 

relationship between its subscales and Rumination subscales.  

GenAI Literacy’s “Evaluation” subscale showed to be 

a significant positive predictor of Reflection, when GenAI tool is 

used for emotional use, casual use, or both. Reflection involves 

attempting to understand one’s feelings or situation (Watkins, 

2008). This finding suggests that people confident in evaluating 

GenAI content may engage with GenAI in more reflective 

thought processes. When both Non-productive uses are included 

in the model, emotional use was significant (β ≈ 0.95, p < 0.001), 

but casual use was not, when also controlling for GenAI Literacy 

Evaluation (β ≈ 1.15, p < 0.05). This aligns with the self-analysis 

aspect of reflection, where individuals might write down 

thoughts to analyze them (Watkins, 2008). 

5.2 Theoretical Contributions 
This paper contributes to the research of rumination 

within the field of Human-AI Interactions. The research 

addresses the research gap described in the introduction. It 

suggests that findings from older technology cannot be simply 

transferred to GenAI. The distinction between productive and 

non-productive uses of GenAI adds context on how different 

digital interactions associate with rumination (Michl et al., 2013; 

Watkins & Roberts, 2020). 

A key theoretical contribution is the finding that 

GenAI Use intensity (measured in duration) is not a significant 

direct predictor of rumination by itself. However, the patterns of 

its usage have significant association with rumination. It 

emphasizes that while GenAI offer cognitive off-loading utility 

(Gerlich, 2025) and a place for accessible and non-judgmental 

emotional support (Chan, 2025; Y. Wang et al., 2025), the way 

they are used play a significant role. 

Finally, the positive relationship between GenAI 

Literacy’s “Evaluation” and Rumination’s “Reflection”, 

provides a new theoretical insight.  

5.3 Practical Implications 
Firstly, during this research, it was consistently shown 

that the intensity or duration of GenAI use alone does not predict 

rumination, however, the purpose and patterns of use are 

important. The users should focus on the way they use the tools 

rather than simply on their use time. 

Secondly, mental health professionals can gain 

insights into their patients’ ruminative tendencies by asking them 

about their regular interactions with GenAI tools. It might be 

beneficial, since rumination is a symptom of several mental 

disorders (Ehring, 2021). 

Moreover, design or usage strategies that account for 

user personality differences could help promote sustainable and 

healthy interactions with the tools. 

Finally, we observed that there were no negative 

associations between GenAI use for emotional support and 

rumination. Thus, we cannot advise using GenAI tools for this 

purpose, even if literature suggests that it offers several benefits. 

5.4 Limitations 
 Firstly, the study uses a cross-sectional survey, 

capturing self-reported data at a single point in time, preventing 

exploration of causal relationships or introducing bias. Besides, 

no qualitative data was gathered on how or why individuals 

interact with GenAI in an emotionally significant way. 

 Secondly, the sample was skewed toward students and 

young adults, mostly recruited through convenience and 

snowball sampling, which not only introduced selection bias, but 

also limited diversity in occupations. Many “employed students” 

blur the group comparisons. Additionally, a larger sample would 

increase the generalizability of results. 

5.5 Future Direction 
This paper has explored the associations between 

rumination, Genai and its usage patterns, however causality 

needs to be further investigated. Longitudinal or experimental 

designs might help to understand the effect one has on the other. 

 Simple use-cases were investigated, however user 

motivation to use them were not. Psychological and cognitive 

experiences while using GenAI tools would explain when, why 

and how people use GenAI and how they feel about it. Besides, 

different tools offer different experiences, advantages and 

disadvantages, thus it would be valuable to investigate how 

specific tools or response styles affect user well-being. 

 The relationship between different use patterns and 

subsamples differed, thus it is crucial to investigate the cause of 

such results to make them applicable and useful. 

 Since GenAI is entering the everyday life of a large 

population and is accessible almost constantly, it is important to 



also assess habit formation or overuse, as well as explore ethical 

and design questions to promote healthy use and reduce risks of 

reinforcing unhealthy usage patterns. 

6. CONCLUSION 
This study investigated the relationship between 

GenAI Use and rumination. We investigated both the intensity of 

GenAI use and rumination, as well as how the productive and 

non-productive patterns of GenAI use changed this relationship. 

The findings show that GenAI Use Intensity was not 

directly associated with Rumination, suggesting that simply 

focusing on the duration of GenAI use is not sufficient to gain 

significant insights about one’s rumination levels. However, the 

patterns of GenAI Use were proven to have significant 

relationship with rumination levels. 

Productive uses of GenAI, including using GenAI for 

academic purposes, work purposes or both) did not show 

significant association with rumination levels. Whereas non-

productive uses of GenAI, including using it casually pass time 

or for emotional support, were positively linked to higher 

rumination.  

Casual GenAI use, characterized as engaging with 

GenAI to pass time, showed a significant positive association 

with rumination. This indicates that aimless interaction with 

GenAI has a positive relationship with rumination. 

Also, engaging with GenAI for emotional support was 

positively significantly associated with rumination levels. It 

might suggest that people with ruminative tendencies might use 

GenAI human-like conversational abilities to seek help. 

Beyond GenAI use and the usage patterns, this paper 

has highlighted the importance of individual characteristics like 

personality traits and occupation. Emotional stability and 

extraversion had a consistent significant negative association 

with rumination, which aligns with the existing literature. 

Furthermore, being employed (excluding employed students) 

was associated with lower rumination than students in several 

models.  

Finally, through exploratory analysis, we found that 

GenAI Literacy’s subscale “Evaluation” was associated with 

higher levels of Rumination’s subscale “Reflection”. 

In conclusion, this study shows that the relationship 

between rumination and GenAI use cannot be assessed simply 

through the time of engagement. The purpose of interaction, 

individual personality traits and life contexts or professional 

environment are important to consider. These findings provide a 

basis for future research to investigate the contextual factors in 

the relationship of GenAI use and rumination, as well as 

promoting the importance of designing tools and strategies that 

consider individual differences. 
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8.2 Appendix B 
Table 5. Correlation Matrix. 
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Table 6. Multiple Linear Regression for GenAI Use and 
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8.4 Appendix D 
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8.5 Appendix E 
Table 12. Moderation Model: GenAI Use × Non-Productive 
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